Abstract: Phytophthora root rot (PRR) infects the roots of avocado trees, resulting in reduced uptake of water and nutrients, canopy decline, defoliation, and, eventually, tree mortality. Typically, the severity of PRR disease (proportion of canopy decline) is assessed by visually comparing the canopy health of infected trees to a standardised set of photographs and a corresponding disease rating. Although this visual method provides some indication of the spatial variability of PRR disease across orchards, the accuracy and repeatability of the ranking is influenced by the experience of the assessor, the visibility of tree canopies, and the timing of the assessment. This study evaluates two image analysis methods that may serve as surrogates to the visual assessment of canopy decline in large avocado orchards. A smartphone camera was used to collect red, green, and blue (RGB) colour images of individual trees with varying degrees of canopy decline, with the digital photographs then analysed to derive a canopy porosity percentage using a combination of 'Canny edge detection' and 'Otsu's' methods. Coinciding with the on-ground measure of canopy porosity, the canopy reflectance characteristics of the sampled trees measured by high resolution Worldview-3 (WV-3) satellite imagery was also correlated against the observed disease severity rankings. Canopy porosity values (ranging from 20-70%) derived from RGB images were found to be significantly different for most disease rankings (p < 0.05) and correlated well (R 2 = 0.89) with the differentiation of three disease severity levels identified to be optimal. From the WV-3 imagery, a multivariate stepwise regression of 18 structural and pigment-based vegetation indices found the simplified ratio vegetation index (SRVI) to be strongly correlated (R 2 = 0.96) with the disease rankings of PRR disease severity, with the differentiation of four levels of severity found to be optimal.
Introduction
Phytophthora root rot disease (PRR) is considered a major threat to avocado production globally [1] . In 1989, a high incidence of PRR in California resulted in a loss of US$40 million, whilst in Australia a high incidence in 1974 resulted in a 50% loss in productivity [2, 3] .
The soil-borne oomycete Phytophthora cinnamomi survives as thick-walled chlamydospores, which are produced in decaying roots. Under favourable conditions (warm and briefly saturated soil), sporangia are formed, from which motile zoospores are released. Zoospores are typically attracted to tips or branches of feeder roots, where they encyst and produce germ tubes that penetrate the root Table 1 . Ciba-Geigy and Simpson ranks used for visual estimation of Phytophthora root rot (PRR) disease severity (proportion of canopy decline).
PRR Disease Ranking

Visual Interpretation of Canopy Ciba-Geigy Simpson
Very healthy no decline 1 10 - Although the technique of visual tree health ranking by the human eye is accepted as common practice, it is inefficient both in terms of labour and cost requirements. Visual assessments also require a trained expert to ensure observations are comparable across orchards and across growing seasons. Mahlein [8] asserts that such methods "demand experienced individuals with well-developed skills in diagnosis and disease detection and are thus subject to human bias". The results of any assessment will vary according to an individual's experience. Furthermore, Mahlein [8] argues that the decision can be affected by temporal variation, as well as those incurred from different assessors [8] [9] [10] [11] . An objective technique to assess PRR disease severity in tree canopies is highly desirable. Ciba-Geigy Phytophthora root rot disease severity ranks (or canopy decline ranks) [6] . 0 & 1-Very healthy (no decline), 2-Healthy (no decline), 3-Early decline, 4-Early decline to moderate decline, 5-Moderate decline, 6-Moderate to severe decline, 7-Severe decline, 8-Very severe decline, 9-Almost denuded, 10-Complete denuded.
Remotely sensed digital imagery and associated computer vision and image analysis techniques presents an alternative to human vision [12] . Red, green, blue (RGB) photographs acquired by digital cameras have been successfully used to estimate canopy density, tree architecture, and growth in forest trees and grapevines [13] [14] [15] [16] . Canopy porosity (crown porosity) or gap distribution was calculated from the proportion of sky area visible within the canopy extent [14, [17] [18] [19] . It is Figure 1 . Ciba-Geigy Phytophthora root rot disease severity ranks (or canopy decline ranks) [6] .
Remotely sensed digital imagery and associated computer vision and image analysis techniques presents an alternative to human vision [12] . Red, green, blue (RGB) photographs acquired by digital cameras have been successfully used to estimate canopy density, tree architecture, and growth in forest trees and grapevines [13] [14] [15] [16] . Canopy porosity (crown porosity) or gap distribution was calculated from the proportion of sky area visible within the canopy extent [14, [17] [18] [19] . It is hypothesized that this method of measuring gap distribution may present an accurate method for quantifying canopy decline Remote Sens. 2018, 10, 226 4 of 17 as the result of the PRR disease. To date, there has been no reported investigation of imaging/image analysis techniques for quantifying decline due to PRR disease in avocado trees.
Advanced remote sensing technologies such as multispectral and hyperspectral satellite imagery have also been demonstrated as an effective tool for detecting the presence and spatial distribution of several crop diseases including soybean root rot, Rhizoctonia blight in grass, red leaf blotch in almond trees, orange rust disease in sugarcane, and aflatoxin in peanuts [20] [21] [22] [23] . Vegetation indices (VI) calculated from the reflectance spectra from tree canopies have been proven to be closely related to canopy morphology and leaf pigments [22, 24] . VIs based on two wavebands such as simple ratio vegetation index (SRVI = NIR/Red) and normalized difference vegetation index (NDVI = [NIR − Red]/[NIR + Red]) have been shown to be sensitive to changes in overall plant condition (health/vigour), leaf area index, and canopy architecture [25] . The challenge of incorporating such VIs in distinguishing PRR is that the sensed reflectance may be influenced by other factors such as incomplete canopy cover, leaf angle, reflectance from understory vegetation, plant stress (drought or nutrient), and soil reflectance [26] [27] [28] . However, on confirmation of consistency of these other factors throughout the orchard, PRR can be a dominate driver and hence be detectable. As such, the occurrence of PRR in avocado may also be spectrally discriminated, potentially at a level of sensitivity comparable to that of the Ciba-Geigy rankings.
This paper investigates the applicability of remotely sensed imagery collected on ground with a simple mobile phone camera, as well as over the crop with high spatial resolution satellite imagery, for quantifying canopy decline associated with PRR in commercial avocado trees.
Materials and Methods
Tree Sampling
For this study, trees expressing different levels of tree decline attributed to PRR were selected from an avocado orchard (blocks of variety Hass and all trees at the same maturity period) at Simpson Farms Pty. Ltd. located near Childers (Bundaberg region), Queensland, Australia, (24 • 51 0 S, 152 • 21 0 E). Root samples collected from each tree confirmed the presence of PRR. Trees expressing the highest level of decline were predominantly located along the eastern and western portion of the blocks (Figure 4 ). Each sampled tree was labelled and ranked for PRR decline with visual assessment by agronomists using both Ciba-Geigy and Simpson tree health rankings (Table 1) . A total of 80 trees were identified for subsequent sampling from three avocado blocks. Although it is possible that a number of biotic or abiotic constraints may contribute to the tree decline observed in the selected sample trees, experienced agronomists on location confirmed that the most likely driver of tree stress was PRR. This was further supported by the confirmed PRR observed in the collected root samples subjected to laboratory assessment.
Protocol for Ground Image Acquisition
Colour (RGB) digital images of each tree canopy were acquired using a FLIR ONE camera (FLIR Systems, OR, USA) attached to a smartphone. With a focal length f = 15 cm, a 12 µm × 12 µm element size, and a 320 × 240 pixel array, the target-camera distance of 4 m was used to produce an effective image resolution of 1.2 cm (as verified using a reference check board). Colour images were extracted in JPEG format.
For each of the selected trees, images were acquired facing the shaded side to avoid sun glare and specular reflection from the leaf surfaces. The camera azimuth was directed to avoid the sun disk either in the background or in the direct line of sight. An angle of 45 • above the horizontal was also adopted for each image capture to ensure only clear sky (no sun disk) was in the background of each image, and not the canopies of trees in rows behind the selected target trees. For those trees that were significantly shorter, the capture angle was reduced accordingly so that all images included the top Remote Sens. 2018, 10, 226 5 of 17 most section of the canopy and a region of sky. All images were taken during daylight from 0700 h to 1600 h.
Although there are number of established imaging software programs available for extracting canopy characteristics (foliar cover and leaf area index), such as CANEYE V6 [29] (available at: https: //www6.paca.inra.fr/can-eye/) and WinSCANOPY [30] , these software programs were identified to be time consuming in processing and lacked the utility for customising the analysis [31] . These software programs required images to be acquired with a fish eye or classic optical lens camera (not compatible with images acquired from a smartphone) [31] . Therefore, a simple image processing technique was developed to automate gap analysis from smartphone imagery.
RGB Image Analysis
Image processing was undertaken using the MATLAB 9.2 software (The MathWorks Inc., Natick, MA, USA), using several inbuilt functions from the image processing toolbox. The method developed specifically for avocado canopies was evolved from similar analysis calculating the leaf area index (LAI) of grapevine canopies [18, 32] and Eucalyptus [31] . The predominant processing steps included segmentation of canopy from sky and image gap analysis (sky/leaf ratio) following methodologies described by Poblete-Echeverría et al. [16] and Fuentes et al. [31] .
Image Segmentation
In order to undertake the gap analysis, a segmented binary image was required (canopy coded as 1 and sky area coded as 0). A 10% buffered area was removed from the border of each original image to prevent the inclusion of adjacent canopies. After the cropping, the RGB image (Figure 2a 
The developed MATLAB script combined the outputs of the Otsu's method for thresholding histogram ( Figure 2c ) and Canny edge detection (Figure 2d ) to generate a segmented image (Figure 3a) . The Canny edge detection automatically identifies the outlines of a feature that is an advantage over identifying mixed (edge) pixels [33] . Otsu's method of thresholding the histogram automatically selects a minima value between peaks from sky and foliage [34] . Canny edge detection was able to differentiate tree canopies from sky. Image segmentation was completely automated and did not require user inputs.
The advantage of this method for segmenting sky and vegetation area is that it does not require green leaves/canopies. In comparison, CANEYE software requires mostly green leaves, as it uses a combination of red, green, and blue channel for colour thresholding leaves/canopies [29] . Also, the new method addresses a number of limitations associated with hemispheric photographs such as then need for image editing enhancement, difficulty in distinguishing foliage from canopy openings, and need for an evenness of cloud cover [35] . 
Image Gap Analysis
Each segmented image was divided into r rows and c columns to generate n-sub-images as shown in Figure 3b . In each sub-image the total number of pixels corresponding to sky (S) and vegetation (V) (including leaves, twigs, and woody parts of the tree) were counted. If the sky to vegetation ratio (S/V) was larger than a set threshold value (m) for a sub-image, the corresponding sky region was classified as a 'big gap'. The sky was classified as a 'small-gap' (gS) when the S/V ratio was lower than the threshold (m) for a particular sub-image. The small gaps remained only within the canopy, and hence used for the porosity analysis, whereas the open sky above canopy was classified as a big gap. A sensitivity test was performed using 50 test images to select the best r, c, and m values to analyze gaps for the optimum calculation of canopy porosity (results not shown). The values of m = 0.9, r = 11, and c = 4 produced the strongest correlation between post-processed images of canopy porosity and the direct visual assessment of the porosity of the raw images. 
Each segmented image was divided into r rows and c columns to generate n-sub-images as shown in Figure 3b . In each sub-image the total number of pixels corresponding to sky (S) and vegetation (V) (including leaves, twigs, and woody parts of the tree) were counted. If the sky to vegetation ratio (S/V) was larger than a set threshold value (m) for a sub-image, the corresponding sky region was classified as a 'big gap'. The sky was classified as a 'small-gap' (gS) when the S/V ratio was lower than the threshold (m) for a particular sub-image. The small gaps remained only within the canopy, and hence used for the porosity analysis, whereas the open sky above canopy was classified as a big gap. A sensitivity test was performed using 50 test images to select the best r, c, and m values to analyze gaps for the optimum calculation of canopy porosity (results not shown). The values of m = 0.9, r = 11, and c = 4 produced the strongest correlation between post-processed images of canopy porosity and the direct visual assessment of the porosity of the raw images. Remote Sens. 2018, 10, x FOR PEER REVIEW 7 of 17 
Deriving Image Canopy Porosity
The canopy porosity (ɸ), which is the proportion of the sky area visible within the perimeter of the crowns of individual plants, was calculated using the Equation (2). The equation was modified from the original formula presented in Macfarlane et al. [14] .
Here, is the total number of small gap pixels in the complete image; is the total number of vegetation pixels in the complete image.
The script took approximately 22 s to batch process 80 images automatically using an Intel Core i7 desktop computer with 3.40 GHz processing speed and 8.00 GB RAM. A percentage of porosity was derived from each input image.
Deriving Vegetation Indices from Canopy Spectral Information
The canopy radiance and reflectance information for each of the selected trees were extracted from a Worldview-3 (WV-3) satellite image (http://worldview3.digitalglobe.com/) of the orchard ( Using this AOI as a mask, the 8 band WV-3 spectral information was extracted for each tree using the open source software 'Starspan GUI' (available at: https://github.com/Ecotrust/starspan). The canopy size of each sampled tree exceeded 12.6 m 2 , and, as such, the derivation of a mask of this size ensured that no non-canopy specific pixels were extracted and included in the subsequent analysis. It is acknowledged, however, that in the case of severely affected trees, in which canopy decline/porosity is high, the remotely sensed imagery may be responding to a mixture of background and canopy signature. However, the background was bare soil and observed to be uniform over the site of interest 
Deriving Image Canopy Porosity
The canopy porosity (), which is the proportion of the sky area visible within the perimeter of the crowns of individual plants, was calculated using the Equation (2). The equation was modified from the original formula presented in Macfarlane et al. [14] .
Here, Tg s is the total number of small gap pixels in the complete image; T V is the total number of vegetation pixels in the complete image.
Deriving Vegetation Indices from Canopy Spectral Information
The canopy radiance and reflectance information for each of the selected trees were extracted from a Worldview-3 (WV-3) satellite image (http://worldview3.digitalglobe.com/) of the orchard (Figure 4) . The 1.2 m spatial resolution, 8 spectral band image was acquired on the 3rd of April, 2017 under cloudless conditions. A top-of-atmosphere correction was applied to the image prior to further analysis. To extract the canopy spectra of the sampled trees, the method of Robson et al. (2016) was used. The location of each tree, recorded with a hand-held Trimble Differential GPS (DGPS) (Trimble, Sunnyvale, CA, USA) (horizontal position error < 1 m), was overlaid onto the WV-3 image (Figure 4 ) in ArcGIS 10.2 (Environmental System Research Institute, Redlands, CA, USA). A 2 m radius was applied around the central crown GPS point for each tree, creating a 12.6 m 2 area of interest (AOI). Using this AOI as a mask, the 8 band WV-3 spectral information was extracted for each tree using the open source software 'Starspan GUI' (available at: https://github.com/Ecotrust/starspan). The canopy size of each sampled tree exceeded 12.6 m 2 , and, as such, the derivation of a mask of this size ensured that no non-canopy specific pixels were extracted and included in the subsequent analysis. It is acknowledged, however, that in the case of severely affected trees, in which canopy decline/porosity is high, the remotely sensed imagery may be responding to a mixture of background and canopy signature. However, the background was bare soil and observed to be uniform over the site of interest To evaluate the spectral responses from the sampled trees against PRR disease severity rankings, 18 vegetation indices described in Table 2 were calculated. These indices (Table 2) were selected on the basis of having being closely related to specific features of plant leaf physiology [21, [37] [38] [39] . To evaluate the spectral responses from the sampled trees against PRR disease severity rankings, 18 vegetation indices described in Table 2 were calculated. These indices (Table 2) were selected on the basis of having being closely related to specific features of plant leaf physiology [21, [36] [37] [38] . Table 2 . Vegetation indices and their formulations used in this study [24] .
Vegetation Indices
Formula *
Pigment indices
1.
Red-edge Normalized Difference Vegetation Index
Transformed Chlorophyll Absorption in Reflectance Index
Structure Insensitive Pigment Index CB SIPI = (N1R1 − CB) − (N1R1 + CB) 5.
Normalized Difference Red-edge Index 1
Normalized Difference Red-edge Index 2 N2RENDV I = (N IR2 − RE)/(N IR2 + RE)
Pigment and Structural indices
7.
Normalized Difference Red-edge Index
Green normalized difference vegetation Index 
Statistical Analysis
The canopy porosity values derived from smartphone imagery were evaluated against the visual disease ranks catergorised from both the Ciba-Geigy and Simpson. A Chi-square 'goodness of fit' test was conducted in MATLAB 9.2 software to determine the distribution of observed values before subjecting derived canopy porosity values into parametric statistical analysis. A one-way ANOVA was initially used to test the null hypothesis that the means of derived canopy porosity for each disease rank were the same. A regression analysis was then conducted using the "Curve Fitting Toolbox" in MATLAB 9.2 to test the correlation of the derived canopy porosity values with visual ranks.
A multivariate stepwise linear regression analysis method was undertaken to determine which of the 18 VIs was best correlated to the observed visual rankings of PRR [21] . Using the "LinearModel.fit() and LinearModel.stepwise()" functions in Statistics and Machine Learning Toolbox Functions -MATLAB 9.2, the VI that most significantly correlated with the visual disease rankings was identified [36] . Although other more complex statistical methods such as partial least square regression (PLSR) have been used for identifying optimal wavelengths from hyperspectral data, Yi et al. [39] demonstrated that once the prediction model is simplified, selecting only the most significant variables (out of 19, 2-band VIs), PLSR did not perform significantly differently to stepwise regression method.
The capability of VIs to quantify PRR disease severity was compared with image-derived canopy porosity method.
Results
RGB Image-Derived Canopy Porosity
Visual disease rankings of the 80 selected trees ranged from '2'-'7' on the Ciba-Geigy scale and '1'-'3' on the Simpson scale. As there was only a single tree assigned into classes '1' and '8' of the Ciba-Geigy scale, these were precluded from further statistical analyses. The derived canopy porosity values exhibited a normal distribution (Chi-square test, p < 0.05) and ranged from 20% to 70%. There was a significant difference between the average canopy porosity for Ciba-Geigy ranks grouped according to '2-3', '4', and '5-7' (Figure 5a ). Average canopy porosity was significantly different for Simpson disease rankings '1' and the combination of '2-3' (Figure 5b) . A strong linear relationship was identified between the derived canopy porosities and the Ciba-Geigy and Simpson visual disease rankings (R 2 = 0.97 and R 2 = 0.89, respectively) ( Figure 5 ).
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Canopy Porosity Limits for Disease Ranks
Although canopy porosity values correlated strongly with both Ciba-Geigy and Simpson visual rankings, from a predictive stand-point the confident confidence limits for each of the associated mean canopy porosity values allows the Ciba-Geigy disease ranks to be re-arranged into only three ranking groups (Table 3, Figure 6 ). Similarly, only two groups of Simpson rankings could be predicted (result not shown). Hence, we can define three modified Ciba-Geigy ranks '1*', '2*', and '3*' with an associated confidence of 99% (Table 3) . 
Although canopy porosity values correlated strongly with both Ciba-Geigy and Simpson visual rankings, from a predictive stand-point the confident confidence limits for each of the associated mean canopy porosity values allows the Ciba-Geigy disease ranks to be re-arranged into only three ranking groups (Table 3, Figure 6 ). Similarly, only two groups of Simpson rankings could be predicted (result not shown). Hence, we can define three modified Ciba-Geigy ranks '1*', '2*', and '3*' with an associated confidence of 99% (Table 3) . according to '2-3', '4', and '5-7' (Figure 5a ). Average canopy porosity was significantly different for Simpson disease rankings '1' and the combination of '2-3' (Figure 5b) . A strong linear relationship was identified between the derived canopy porosities and the Ciba-Geigy and Simpson visual disease rankings (R 2 = 0.97 and R 2 = 0.89, respectively) ( Figure 5 ). 
Although canopy porosity values correlated strongly with both Ciba-Geigy and Simpson visual rankings, from a predictive stand-point the confident confidence limits for each of the associated mean canopy porosity values allows the Ciba-Geigy disease ranks to be re-arranged into only three ranking groups (Table 3, Figure 6 ). Similarly, only two groups of Simpson rankings could be predicted (result not shown). Hence, we can define three modified Ciba-Geigy ranks '1*', '2*', and '3*' with an associated confidence of 99% (Table 3) . Table 3 . * Error bars indicate the confidence limits for each rank. Means with similar letters are not significantly different from each other at p < 0.05.
Remotely Sensed VI for Estimating Visual Rankings and Camera-Derived Canopy Porosity
The pigment-based, remotely sensed vegetation indices RENDVI, N1RENDVI, and N2RENDVI, and all of the leaf structure-based indices, produced statistically significant correlations with the visually allocated disease ranks and the handheld camera-derived canopy porosity (Table 4) . The simple ratio vegetation index (SRVI) exhibited strongest significant correlation with both sets of disease rankings, as well as the derived canopy porosity. Therefore, SRVI was chosen as the best fit VI out of the eighteen tested. The average SRVI values for respective disease rankings were plotted in Figure 7 . The data in Figure 7 also includes indicators of significance between the groupings. The remotely sensed data (from satellite) can discriminate Ciba-Geigy ranks when grouped as '2', '3-4', '5', and '6-7' (Table 5 and Figure 8 ), which is a greater number of groupings (4) than by the hand held smartphone camera-derived porosity method (3).
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Generating PRR Disease Severity Map from WV-3 Satellite Imagery
To produce disease severity map from the results, each pixel of WV-3 satellite imagery ( Figure 4 ) was first converted to SRVI values using the function in Table 2 , then to disease severity values using the regression formula in Figure 8 in ENVI 5.1 (https://esriaustralia.com.au/envi). Imagery was then classified into disease severity zones using SRVI confidence limit values in Table 5 
Discussion
RGB images from a smartphone could be used to generate porosity values for individual trees and for the delineation of three PRR disease class groupings from the Ciba-Geigy ranks, namely a combined group of Ciba-Geigy '2' and '3', Ciba-Geigy '4', and then Ciba-Geigy-'5'-'7'. In comparison, the multispectral WV-3 satellite imagery was able to sense additional non-visible spectral information reflected from tree canopies. In both methods, grouping non-significant categories improved the correlation as well as reduced the error (RMSE). The simple ratio of NIR:Red reflectance (SRVI) was identified to be the most sensitive VI to PRR severity, especially for differentiating early decline in the trees (Ciba-Geigy-'3') from healthy trees (Ciba-Geigy-'2') ( Figure 7) , which was not possible to do by the RGB porosity method. It is likely that the addition of the near infrared band resulted in the increased sensitivity. 
RGB images from a smartphone could be used to generate porosity values for individual trees and for the delineation of three PRR disease class groupings from the Ciba-Geigy ranks, namely a combined group of Ciba-Geigy '2' and '3', Ciba-Geigy '4', and then Ciba-Geigy-'5'-'7'. In comparison, the multispectral WV-3 satellite imagery was able to sense additional non-visible spectral information reflected from tree canopies. In both methods, grouping non-significant categories improved the correlation as well as reduced the error (RMSE). The simple ratio of NIR:Red reflectance (SRVI) was identified to be the most sensitive VI to PRR severity, especially for differentiating early decline in the trees (Ciba-Geigy-'3') from healthy trees (Ciba-Geigy-'2') ( Figure 7) , which was not possible to do by the RGB porosity method. It is likely that the addition of the near infrared band resulted in the increased sensitivity.
Pinter, Jr. et al. [26] identified stressed vegetation as producing lower solar reflectance in the near infrared region than healthy vegetation, especially as a result of drought stress. As the trees sampled for Remote Sens. 2018, 10, 226 14 of 17 this research were selected from a well-irrigated avocado orchard, it is likely that canopy decline was the result of PRR and not purely from a lack of water. Considering the level of stress, the results also explain measured amount of stress (indicated by SRVI values) increased as disease severity increase. Understanding spatial and temporal differences of the disease spreading would be very useful for disease management [40] . The derived PRR disease severity distribution map of Figure 9 illustrates the distribution of trees in severe decline at the eastern and western boundaries, which was subsequently attributed to water logging conditions in lower elevation areas. Poorly drained soil is considered a favourable condition exacerbating the development of PRR disease [41] .
Although remote sensed methods (hand held smartphone imagery and satellite imagery) were able to quantify PRR severities into number of discrete groups (similar to visual estimation), requirement of a preliminary disease confirmation test prior imaging can be considered as a possible limitation. This method would not be appropriate if any other abiotic factor (insect/disease) causing canopy decline in the orchard is reported. Therefore, an orchard maintaining good agricultural practices such as irrigation and fertilization may qualify to use these methods.
The best season for adopting these proposed methods would be during spring, as PRR disease symptoms begins to show-up during this season in avocado tree canopies (Personal Communication with Chad Simpson, 26 May 2016-Agronomist, Simpson Farms, Childers, QLD, Australia). As PRR disease symptoms follow a particular pattern in progressing as shown in Figure 1 , the spectral reflectance associated with the disease can be expected to be the same if the driven force for plant vigour was confirmed to be dominated by PRR. However, proposed methods need to be further tested upon different avocado tree varieties and maturity stages.
Future research work can be carried out with explicit techniques such as hyperspectral information, while additional VIs such as crop water stress index (CWSI) and photochemical reflectance index as suggested by Apan et al. [42] and R Calderón et al. [21] would serve as possible indicators for understanding physiological responses due to early PRR disease attacks. Further, advanaced statistical methods such as partial least square regression (PLSR) [43] can be adopted to imporve classification of spectral data related to PRR disease with high diamentional bands and VIs. This allows for the combination of a large set of independent variables without loosing much hyperspectral inforamtion [44, 45] . Alternatively, advanced image analysis methods, such as colour feature extreme learning machines suggested by Sadgrove et al. [46] , could be tested to improve the accuracy of delineating features extracted by RGB images. Both the remote sensing and smart-phone image-based results are encouraging from the perspective of application to inverted radiative transfer models [47] . The (albeit presently limited) discrimination of PRR levels may be improved by incorporating the reflectance/porosity data (at varying scales) into inverted radiative transfer models to be able to map key parameters. This will be an area of ongoing investigation.
Conclusions
Both RGB images acquired from hand-held cameras, and multispectral imagery from high spatial resolution satellites, can be used to indicate PRR disease severity or canopy decline in avocado orchards, ostensibly into high, medium, and low ranges. The use of satellite imagery also provides the ability to create PRR severity maps across entire orchards.
Compared to traditional methods of visual estimation, this technique suggests a possibility of using computational and remote sensing technologies for objectively and, importantly, quantitatively assessing PRR disease severities.
With further improvements for the smartphone technique, mobile applications can be introduced for assessing PRR severities in diseased avocado orchards. Further, satellite findings can be useful for advanced research work in developing future techniques for early diagnosis of PRR disease in avocado.
